In this issue of Pediatric Exercise Science, Bruno et al. introduce dynamic factor analysis (DFA) as a new mathematical approach for analyzing the power output (PO) curve of a Wingate Test. DFA is an analytical technique used to estimate the underlying common patterns or component trends in a larger set of time series data. It's especially well suited for nonlinear data streams as found in econometric and ecological data sets (3). In this study DFA was applied to the upper and lower body PO curves generated by 11-12 year-old swimmers and soccer players, comparing this technique to a standard statistical assessment to see if DFA detected additional differences in the PO curves of participants.
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In this issue of Pediatric Exercise Science, Bruno et al. introduce dynamic factor analysis (DFA) as a new mathematical approach for analyzing the power output (PO) curve of a Wingate Test. DFA is an analytical technique used to estimate the underlying common patterns or component trends in a larger set of time series data. It's especially well suited for nonlinear data streams as found in econometric and ecological data sets (3) . In this study DFA was applied to the upper and lower body PO curves generated by 11-12 year-old swimmers and soccer players, comparing this technique to a standard statistical assessment to see if DFA detected additional differences in the PO curves of participants. The authors have correctly identified a fundamental shortcoming in our traditional approach to data analysis in exercise science. Data outputs during exercise are typically a time series with a nonlinear shape (for example, power output, oxygen uptake and lactate accumulation curves). The data points in these curves are interdependent and the sequence is important. Yet, traditional statistical approaches are based on underlying assumptions of linear relationships and independence of the data points. For example, a traditional approach to PO curves calculates a peak power and a mean power (1) . The nonlinear curve is reduced to a singular point value and the shape of the curve is lost in the data reduction to a peak or mean value.
Looking at Figure 1 in the article, there is clearly individual variability in the shape of PO curves in both upper and lower extremities. The authors propose DFA as a statistical approach that achieves data reduction to a smaller set of component trends without sacrificing the inherent information in the time series or shape of the observed data. This would be particularly useful for assessing data streams from events with variable intensity.
DFA involves matrix algebra that is likely unfamiliar to many readers (or at least a painful memory from high school mathematics). And use of this new tool requires collaboration with an applied mathematician or statistician familiar with it's use. But, the unfamiliarity of the notation should not immediately discount the potential contribution of this analytical approach. It is a rigorous mathematical tool that can identify common component trends or curves that best fit a larger set of observed data (3). DFA is to time series data as linear regression is to a set of data points. The linear regression line characterizes the "shape" of the data point distribution. The component trends in DFA characterize the "shapes" of the larger set of observed data trends or curves.
DFA identifies component trends by building a dynamic factor model (DFM) of the observed data set using the software package identified in their paper. The best DFM is selected using Akaike information criteria (AIC) as indicated by the authors. The factor loadings indicate how each component trend is weighted when linearly combined to match each observed participant curve.
The factor loadings for both 2 and 3 component DFM's are seen in Table  4 . The authors report that the 2 component model was simpler and adequately approximated the original data as shown in Figure 4 . The component trend patterns used to approximate the PO curves are late peak power and drop (LPPD) and early peak power and drop (EPPD) for upper and lower extremity. Both sets of derived component trends are seen in Figure 2 . The factor loadings for LPPD and EPPD indicate their relative contribution in fitting a specific individual PO curve. The factor loadings in Table 4 appear similar for upper and lower PO curves within subjects and different between types of athlete.
In Figure 3 the plot of factor loadings for swimmers and soccer players qualitatively cluster for both upper and lower extremity PO curves. Swimmers predominantly display the EPPD pattern for both upper and lower extremities compared with soccer players. Standard statistical analysis, found in Table 2 , showed a significant difference between groups only in peak power in the upper extremity. DFA visually appears to offer additional information about differences in the PO patterns between swimmers and soccer players.
DFA has potential for helping characterize nonlinear time series data while preserving the inherent "shape" of the original data stream. In this regard it is an interesting exploratory approach and clearly useful for further hypothesis generation. The exact interpretation of the component trends in DFA, however, is an important discussion point. Are the derived component trends directly representative of underlying differences in physiology? Do the EPPD and LPPD patterns have direct metabolic interpretation or are they just mathematical abstractions for deriving PO curves? The same could be said about a linear regression line through data points. Does the slope of the regression line reflect degree of physiological connection and causality or is it also just a mathematical abstraction about correlation between selected variables?
In Stephen J. Gould's historical account of factor analysis, he noted the problem of identifying calculated intelligence "factors" as if they were, in fact, inherent mental "things" (2) . Likewise, we should be cautious about over interpreting the meaning of shapes of DFA component trends and slopes of regression lines
